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«Kuiscoxutl nonimexuiunuti incmumym imeni leops Cikopcbkozo»
Kyauk A. b., Measnuk O. O.

Kuiscoxuii nayionanbHutl ekoHomiunuil yHigeepcumem

imeni Baouma I'emovmana

MODELING AND FORECASTING OF GROSS MILK YIELD
USING MODERN METHODS OF TIME SERIES ANALYSIS

MOJIEJIOBAHHSA TA IPOI'HO3YBAHHS BAJIOBOI'O HAJOIO MOJIOKA
3 BUKOPUCTAHHAM CYYHACHUX METO/JIB AHAJII3Y YACOBHUX PA/JAIB

The article considers approaches to modeling and forecasting gross milk yield based on modern methods of time series analysis.
The development of forecasting methods in the agro-industrial sector is an important task, since effective management of milk produc-
tion allows optimizing resources, reducing losses and increasing the profitability of enterprises. Two approaches were used to imple-
ment the forecasting models: SARIMAX and Prophet — time series models. A comparative analysis of the accuracy of these models was
conducted using evaluation metrics such as RMSE, MAE, MAPE and MASE. The results of the study showed that the Prophet model
demonstrated higher forecasting accuracy, especially for long-term trends and seasonal changes. The results obtained can be used to
plan production processes in the dairy sector, manage feed stocks, and determine optimal enterprise development strategies.

Keywords: milk production, time series, forecasting, data analysis, predictive analytics.

Y cmammi pozensirymo nioxoou 0o mooentoeanis ma npocHo3y6aHHs 6a106020 HAO0K MONIOKA HA OCHOGI CYYACHUX MemOOi8
ananizy yacogux psoig. Po3eumox memodie npocHO3y8anHs 6 AZPONPOMUCTIOBOMY CEKMOPI € 8AICTUBUM 3A60AHHIM, OCKIIbKU
eexmugre ynpasninusa 6UPOOHUYIMBOM MONOKA O0360IAE ONMUMIZY8AMU PECYPCU, IMEHWUMY 6Mmpamu ma nio8uwumiu peH-
mabenvricms nionpuemMcma. Y 00cnioxHceHHi npogedeno anaiz OaHux npo Haooi MOIOKA 3a NONepeoHi poKU, BUABLEHO OCHOBHI
meHOeHYil ma ce30HHI 3aKkoHoMipHoCcmi. /s peanizayii npoeHosHux mooenetl 6ukopucmano 06a nioxoou: SARIMAX (Seasonal
AutoRegressive Integrated Moving Average with eXogenous factors) ma Prophet — incmpymenm 0ns pobomu 3 yacosumu psi-
damu, wjo 00380I5€ BPAXOBYEAMU CE30HHICMb, CEsMa Mda 00820CMPOKOGE mpenou. IIpoeedeno nopieHANbHUL AHANI3 MOYHOCME
yux mooeneil, BUKOPUCMOBYIOUU MAKi Mempuru oyintoeants, sk RMSE (cepeonvoreadpamuuna noxubdxra), MAE (cepedus ab-
comomua noxuoka), MAPE (cepeous abconomua noxuoxa) ma MASE (macwumabosana abcontomua 8ionocna noxuoxa). Pe-
3yIbmamu Q0CIIONCEHHS. NOKA3ANU, W0 Mooelb Prophet npodemoncmpyesana uuyy mouHicme npocHO3Y8AaHHS, 0COONUBO U000
00820CMPOK08O20 MPEHOY MA Ce30HHUX 3MIH. L]e niomeeporsCcyemvCsa HUNICUUMU 3HAYEHHAMU MEMPUK NOXUOKU Y NOPIGHAHMI 3
SARIMAX. Ananiz komnonenm mooeni GUABUS YiMK)Y Ce30HHICMb Y 3MIHI HAOOI MOJIOKA: MAKCUMATIbHI 00Csieu cnocmepiearmo-
cs Y NIMHbO-0CIHHIL nepiod, mooi sIK 3UMOBI MICAYI XapaKmepuzyiomscs cnadom upooHuymea. IlpoeHo3ysanus Ha 06a poKu
6neped GKa3ye Ha NOUMUGHUL MPEHO 3DOCMAHHSL 6AN06020 HAAOI0 MOTOKA, WO Modice OYmu pe3yibmamom NOKPAauyeHHsL mex-
HONLO2IT YMPUMAHHS XYO00OU, eheKMUBHIUI020 BUKOPUCIAHHS KOPMOBOL bazu ma iHwux (akmopie. Boonouac, ananiz 0osipuux
iHmepeanie nokasye, wo 3 Po3sUUPEHHAM 20PU3OHIY NPOSHO3VEAHHS HEGUSHAYEHICMb 3DOCMAE, W0 HeoOXiOHO 8paxoeyeamu
npu yxeanenui Yynpasuincokux piwens. Ompumani pe3yrsmamu Mojicyms Oymu 6UKOPUCMAHT 0151 RAAHYSAHHS GUPOOHUYUX NPO-
yecia y MONOYHOMY CEeKMOopi, YAPAGNIHHA 3anacamu KOpmie ma U3HAYeHHs ONMUMATbHUX CIPAMe2ill pO36UMKY NiONpuUEMcma.

Kniouoei cnosa: eupodnuymeo Monoxa, 4acosi paou, npocHO3Y8aHHs, aHANI3 OAHUX, NPOSHO3HA AHATTIMUKA.
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Formulation of the problem. The dairy industry is one
of the key components of the agro-industrial complex, pro-
viding the population with valuable food products, creating
jobs and contributing to economic development. Research
in this area is of particular relevance due to a number of
economic, technological, environmental and social factors.

Effective planning and management of the dairy indus-
try requires accurate forecasts of milk production, as its
production volume (gross yield) depends on numerous
factors: seasonality, climate change, feed base, livestock
productivity and economic conditions. The lack of accu-
rate forecasting models can lead to an imbalance between
demand and supply, which negatively affects pricing, pro-
ducer profitability and the stability of the dairy market.

Traditional forecasting methods often fail to account
for complex data structures, including nonlinear relation-
ships, long-term trends, and seasonal variations. Using
modern time series analysis approaches based on Prophet
and SARIMAX libraries allows for more accurate forecasts
through Bayesian modeling and autoregressive methods.

The main challenge is the need to develop and evaluate
models that can effectively predict gross milk yield, tak-
ing into account seasonality, economic fluctuations, and
other influencing factors. This will contribute to improved
production planning, resource optimization, and increased
economic sustainability of the dairy industry [1, 3].

The research conducted in this paper is aimed at devel-
oping a predictive model based on modern methods of time
series analysis, which will provide more accurate estimates
of future milk production and allow agricultural enterprises
and politicians to make more informed decisions.

Analysis of recent research and publications. The
work [11] Hladiy M. and Prosovych O. examined the cur-
rent state and development trends of the dairy industry in
Ukraine. The main production indicators of dairy cattle
breeding over the past thirty years were analyzed. It was
concluded that the introduction of an effective mechanism
for implementing the proposed strategic measures, subject to
state support and increased funding, will become the driving
force for the accelerated development of the dairy industry.
Uzhva A. in [19] analyzed the indicators of the state of milk
production in Ukraine in modern conditions and developed
practical recommendations for supporting the functioning
of agricultural enterprises engaged in livestock breeding.
Donets L. et al in [7], Svynous I. et al in [18] considered the
trends in the development of the milk market in Ukraine.
Hansen B. [9], O’Leary C., Lynch C [15], Salamone M. in
[16] considered various machine learning approaches for
predicting milk production volumes.

Atalan A. in [2] performed drinking milk price fore-
casting using machine learning algorithms, taking into
account economic, social, and environmental factors. Five
ML algorithms, including random forest, gradient boost-
ing, support vector machine (SVM), neural network, and
AdaBoost algorithms, were utilized to predict the drink-
ing milk unit price. ML also applied hyperparameter tun-
ing with nested cross-validation to calculate the prediction
accuracy for each algorithm. The results show that the ran-
dom forest algorithm based on the features of the ML algo-
rithms has the best performance. Hayes E in [10] investi-
gated trends and forecasting of seasonal changes in milk
composition in pasture systems. The study emphasizes the
influence of factors such as weather conditions and grass
growth on the milk composition of a herd. The ability to
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predict changes in milk composition at different stages of
lactation provides advantages to processors, helping to
optimize the logistics of internal production and supply of
dairy products.

Bovo M., Giannone C., Moore S in the works [6, 8,
13] machine learning models are proposed to increase the
stability of the dairy sector of the economy. Li M. in [12]
forecasted the volume of milk and milk components in the
US states. Time series decomposition was used to obtain the
annual trend of each state and the seasonal structure of milk
productivity for each parity. The works Baswaraju S., Baz-
rafshan O. and Nosratabadi S. [4-5, 14], are devoted to fore-
casting food production using machine learning algorithms.

Despite the large number of works devoted to the
study of the dairy market, the problems of medium-term
forecasting using modern methods of time series analysis
remain relevant and require further research.

Formulation of the article’s objectives. The purpose
of this work is to compare the effectiveness of different
methods of time series analysis for forecasting milk pro-
duction for a period of two years, as well as to provide
recommendations on the application of the most effective
method for practical needs in agriculture.

Presentation of the main material. Data Overview.
The research data on the volume of milk production (gross
milk yield) for the period from January 1, 2008 to Decem-
ber 1, 2024 were obtained from the website of the Main
Department of Statistics in the Khmelnytskyi region of
Ukraine [17].

Prophet. This is an additive time series forecasting
model that focuses on ease of use, high accuracy, and
adaptability to seasonality and changes in the data. This
model is widely used to analyze data with a pronounced
seasonal component, trends, and events that can affect the
dynamics of the series. It consists of the following com-
ponents:

y(t)=g(t)+s(2)+h(t)+e. (1)
Here g(?) is the linear trend of the:
g®)=(k+a(t)d)t+b, (2)

where £ is the base growth rate, a(?) is the trend change
indicator, & is the trend speed change, s(?) is a seasonal
component.
Fourier series are used to describe seasonality:

s(t) = nﬁ:{an cos(zlmj—i-bn sin[zT;)mﬂ 3)

where P is the seasonality period, /(?) is responsible for
the given anomalous days (external events or holidays)
that have a significant impact on the time series, ¢, is the
error that contains information not taken into account
by the model.

Stochastic gradient descent was used to estimate the
parameters.

Prophet is implemented using the prophet library
(Python). The input data for the model is a time series in
DataFrame format with columns ds (date) and y (value).
The result is a forecast with the ability to visualize compo-
nents (trend, seasonality, events).

SARIMAX. The SARIMAX model (Seasonal AutoRe-
gressive Integrated Moving Average with eXogenous
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regressors) is an extended version of SARIMA, which is
used to model time series with seasonality, trends and the
influence of external factors. It is one of the most popular
models, combining the advantages of statistical analysis
and the ability to take into account external regressors.
SARIMAX combines several key components: autoregres-
sion, integration, moving average, seasonality, exogenous
variables.
SARIMAX can be written as follows:

s d s\D
®,(B),(BYI-B) (=B y,=
=0,(8°)0,(B), +XB
where B is the shift operator; y, — is the value of the time
series at time #; ¢, is the residuals (noise); X, P is the
contribution of exogenous variables.

To build a model, the series must be tested for
stationarity using the Dickey-Fuller (ADF) test. The model
parameters are selected using an automatic selection
algorithm (AIC/BIC). The maximum likelihood method is
used to estimate the parameters.

To assess the quality of time series forecasting, the
following metrics are used in this study:

root mean square error (RMSE)

RMSE = 113" (E, - F) (5)

i=1

mean absolute error (MAFE)
MAE=%Z”:|E1. -F|, (6)

i=1

mean absolute percentage error (MAPE)
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where E, and F, are the actual and predicted values, n is the
number of values.

Let us consider the dynamics of changes in milk pro-
duction volumes (gross milk yield) from January 2008 to
December 2024 in the Khmelnytskyi region (Figure 1).

Figure 1 shows regular fluctuations in milk produc-
tion, which indicates the influence of seasonal factors, in
particular weather conditions and lactation cycles of cows.
The general trend shows that the average level of produc-
tion remained approximately stable with possible minor
changes. In the periods 2015-2016 and 2022-2023, sig-
nificant fluctuations can be observed, which may be caused
by changes in production technologies, economic factors
or crisis situations in agriculture.

Table 1 contains statistical characteristics of milk pro-
duction volumes (thousand tons), corresponding to the
period from January 2008 to December 2024. A relatively
large standard deviation indicates significant fluctuations
in production, which is explained by seasonality.

A skewness value close to zero indicates an almost
symmetric distribution of the data relative to the mean,
which means a balanced influence of extreme values with-
out a significant shift in the distribution. A negative value
of kurtosis indicates that the distribution is characterized
by less pronounced peaks and a smoother distribution of
values compared to a normal distribution.

To assess the forecasting quality of each model, the
original data (204 months) was divided into a training
(180 months) and a test set (24 months). The test set data
was compared with the obtained forecasts of the Prophet
and SARIMAX models using the RMSE, MAE, MAPE,
MASE metrics (Table 2).

MASE = (8)

= Milk

A D I O A O R
iy sy v
S S S S
year

Figure 1. Dynamics of changes in milk production volumes (gross milk yield)
from January 2008 to December 2024 in Khmelnytskyi region

Source: authors’ elaboration from [17]
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Table 1
Statistical characteristics of milk production volumes,
thousand tons

Metrics | N | Mean | Std. | Min. | Max. | Skew. | Kurt.
Milk [204| 52 12.16 | 30.20 | 72.8 | -0.14 | -1.32
Source: authors’ elaboration
Table 2
Evaluating the quality of forecasting models for 2 years
rmse mae mape mase
sarimax |3.663 2.978 5.563 0.309
prophet |3.005 2.247 4.421 0.377

Source: authors’ elaboration

Analyzing the metrics in the table, we can draw the
following conclusions: the Prophet model has lower
RMSE and MAE values compared to SARIMAX, which
indicates a smaller average error and better overall fore-
cast accuracy. The MAPE value is also lower for Prophet,
which means more accurate forecasting in relative terms.
However, the MASE score is lower for SARIMAX, which
indicates a more stable behavior of this method relative
to the baseline model.

Overall, the Prophet model shows higher prediction
accuracy in the main metrics RMSE, MAE and MAPE,
making it more suitable for predicting gross milk yield.
However, the lower MASE value in SARIMAX may indi-
cate its stability in long-term predictions.

Figure 2 shows the predicted and actual values of gross
milk yield. The black dots are the actual values of milk yield,
the blue line is the forecast obtained by the Prophet model,
and the light blue area is the confidence interval (probable
range of the forecast).

The forecast reflects the general trend well — the model
captures both long-term growth and annual seasonal fluc-
tuations. The data has high variability — at some points the

model may underestimate or overestimate the actual values,
which may be due to the influence of unpredictable factors
(weather conditions, changes in production, etc.). The con-
fidence interval increases in the future, which is natural for
forecasting models — the further into the future, the higher
the uncertainty.

In general, both models model the trend and seasonal-
ity well, which allows for high-quality forecasts. Seasonal
fluctuations are significant, and this should be taken into
account when planning production. The forecast shows a
stable increase in milk yield, which is a positive signal for
the industry. The models can be improved by taking into
account additional factors (temperature, feed, technological
changes) to reduce discrepancies between actual and fore-
cast values.

Conclusions. In this work, modeling and forecasting of
gross milk yield using the SARIMAX and Prophet models
was carried out. The use of modern methods of time series
analysis allows achieving high forecasting accuracy.

Comparative analysis of the models showed that Prophet
has lower RMSE, MAE and MAPE values, indicating a
higher average forecast accuracy compared to SARIMAX.
Gross milk yield shows pronounced seasonality and a long-
term growth trend. Analysis of the components of the time
series confirmed that the largest volumes of milk yield fall
on the summer-autumn period, while a decline is observed
in the winter months. The overall trend indicates a gradual
increase in production.

The Prophet model demonstrated higher accuracy in
forecasting the general trend and seasonal variations, while
SARIMAX was more stable relative to the baseline model,
as evidenced by the lower MASE value. This indicates its
potential advantages for long-term forecasting. Forecast-
ing for two years ahead showed a stable increase in yield,
however, increasing the forecast horizon increases the level
of uncertainty, as evidenced by the widening of the forecast
confidence interval.
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Figure 2. Forecast and actual values of milk production (gross milk yield)
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The choice of SARIMAX and Prophet models in this
work is due to their ability to effectively model seasonal
fluctuations and long-term trends. Further research can
focus on improving the forecasting models by taking into
account additional factors, including weather conditions,
changes in the structure of feeds, genetic characteristics
of animals and technological innovations in milk produc-

tion. A promising direction for further research is also
the use of more complex methods, in particular neural
networks (LSTM, GRU), to increase the accuracy of fore-
casting.

The results obtained can be used to optimize milk pro-
duction management, resource planning, and improve the
efficiency of the dairy industry.
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